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The study develops a new method to measure the impacts of climate change on agriculture called the AgroEcological Zone (AEZ) Model. A multinomial logit is estimated to predict the probability of each AEZ in each district. The average percentage of cropland and average crop net revenue are calculated for each AEZ. Then an estimate of the amount of cropland in Africa and where it is located is provided. Using current conditions, the model calculates baseline values of cropland and crop net revenue, and estimates the future impact of climate change using two scenarios-harsh and mild. Total cropland does not change much across the two climate This paper-a product of the Sustainable Rural and Urban Development Team, Development Research Group-is part of a larger effort in the department to mainstream research on climate change. Policy Research Working Papers are also posted on the Web at http://econ.worldbank.org. The authors may be contacted at Pradeep.Kurukulasuriya@undp.org and Robert.mendelsohn@yale.edu.
scenarios. However, the predicted change in African crop revenue ranges from a loss of 14 percent in the mild climate scenario to 30 percent in the harsher climate scenario. The analysis reveals that the greatest harm from climate change is that it will shift farms from high to low productive AEZs. The approach not only identifies the aggregate impacts, but also indicates where the impacts occur across Africa. The central region of Africa is hurt the most, especially in the harsher climate scenario. The Agro-Ecological Zone Model is a promising new method for valuing the long-term impacts of climate change on agriculture.
Introduction
The growing evidence from the Intergovernmental Panel on Climate Change (IPCC) that climate will change as greenhouse gases accumulate (IPCC 2007) has added urgency to the need to understand the consequences of warming. Initial studies of climate change, using a variety of methods, identified Africa as one of the most vulnerable locations on the planet to climate change because it is already hot and dry, a large fraction of the economy is tied to agriculture, and the farming methods are relatively primitive (Pearce et al. 1996; Tol 2002; Mendelsohn and Williams 2004) . The livelihoods and welfare of hundreds of millions of Africans depend on how climate change will affect African agriculture.
There have been predominantly two different methods used to measure the economic impact of climate change on African agriculture: the crop simulation approach and the Ricardian approach. The crop simulation approach uses the direct effect of climate change on individual crops (see Rosenzweig and Parry 1994; Parry et al. 2004 ). These studies reveal that the yields of the major grains grown in Africa would fall precipitously with warming. The Ricardian approach measures the relationship between net revenues from crops and climate using cross sectional evidence (Kurukulasuriya et al. 2006; Kurukulasuriya and Mendelsohn 2008) . These studies also find that hot and dry climate scenarios would reduce crop net revenues in Africa. The Ricardian studies, however, generally estimate smaller damages than the crop simulation models. One explanation for this difference is the handling of adaptation. The Ricardian model captures endogenous adaptation, measures that farmers actually take to adjust to climate change. This adaptation is efficient (it makes the farmer better off). In contrast, the crop simulation studies examine only exogenous measures arbitrarily added by the researcher that are not necessarily efficient responses to climate change. This paper relies on an entirely different approach to measure climate impacts. The study uses AgroEcological Zones (AEZs) as the cornerstone of the analysis. FAO established AEZs as a method of measuring crop productivity (FAO 1978) . The zones were intended to capture the length of the growing season taking into account soil moisture. Although longer growing seasons are not always better, the AEZ system does do a good job of dividing a heterogeneous landscape into a set of homogeneous zones. Other factors that determine productivity such as status of soils, drainage, and crop type are reflected in the AEZ classification. In this analysis, we rely on the FAO classification of every district in Africa using this AEZ methodology 3 (FAO 2003) . More recent work by FAO in this area includes the Land Use Systems of the World 4 and Globcover 5 initiatives.
We begin the analysis by calculating the current average net revenue per hectare and the average fraction of cropland from total land in each AEZ. These values simply reflect current cropland and crop net revenues earned by farms in each AEZ. Seo et al (2008) reveal that farms in some AEZs, such as high-elevation moist savannah and mid-elevation sub-humid forest, are more valuable than farms in other AEZs, such as lowland semi-arid, lowland sub-humid, and mid-elevation dry savannah. The climate conditions in these high valued AEZs are more temperate and conducive to rainfed cropland. We then use a multinomial logit model to determine the probability (a value between 0 and 1) of each AEZ in each district across all of Africa given its climate, soils and elevation. Using current climate, this econometric model predicts the current distributions of different AEZs. Combining this information with the average crop net revenue per hectare and fraction of cropland for each AEZ, the expected cropland and crop income in each district in Africa today is estimated.
We then use this econometric model to examine the likely implications of climate change. Climate change will change the probability of each AEZ in each district. The changing probabilities imply that the AEZs will shift across the geography. For example, with warming, land will shift from temperate AEZs to more tropical AEZs or with drying, to more arid AEZs. We assume that future farms in a particular AEZ will have the same performance as current farms in that AEZ. As more land leaves one AEZ and shifts to another, expected cropland and crop income will change. We use this model to examine the impact of two very different climate scenarios for 2100. We rely on data from the Parallel Climate Model (PCM) (Washington et al. 2000) and the Canadian Climate Centre (CCC) (Boer et al. 2000) to examine the effects of two different climate predictions for 2100. These predictions were chosen because they span the range of likely outcomes predicted by the Fourth Assessment Report (AR4) of the Intergovernmental Panel on Climate Change (IPCC 2007 ). The PCM model predicts mild temperature increases of about 2
• C and marginal gains in precipitation during summer and winter months. The CCC model predicts warming of over 5
• C with drier summers and wetter winters (see Table 4 ).
The next section of the paper reviews the methodology and data in detail. The third section describes the results. The final section of the paper summarizes the results and briefly discusses the policy implications.
Methodology
The AEZ analysis presented in this paper is a comparative static analysis. It is intended to measure the long-run consequences of AEZs shifting over space from one equilibrium to another. As a long-run equilibrium analysis, it captures adaptation. It reflects the fact that farmers have adapted to the AEZ to which they are accustomed. This long-run approach also captures secondary effects such as changes in insects or other pests that may go along composite and land cover maps using as input observations from the 300m MERIS sensor on board the ENVISAT satellite mission.
with being in a specific AEZ. The approach, however, is not a dynamic analysis. It does not capture transition costs that farmers may have as they adapt to a new AEZ.
As mentioned in the introduction, the FAO has assigned an AEZ to each district based on numerous characteristics of that district (FAO 2003) . We now develop an econometric model that predicts how AEZs are assigned so that we can determine how climate change would alter the distribution of AEZs. We begin by estimating a model that explains the current distribution of AEZs. We employ a multinomial logit model to estimate the probability (P nj ) of each AEZ j in each district n given its characteristics, thereby quantifying the relationship between AEZs and climate, soils and elevation 6 .
where γ j and β j are vectors of estimated coefficients, Z nj is a vector of soil and elevation characteristics, and C j is a vector of climate coefficients. Interaction terms between temperature and precipitation were tried but dropped because they did not significantly improve the explanatory power of the model. Interactions between elevation and climate were included because elevation is an important component of AEZ classifications and the interaction terms are significant.
In order to make comparisons between the distributions of AEZs with current versus future climate, we must first predict a baseline distribution. The baseline is the predicted probability of each AEZ in each district given the baseline climate, C 0 . Although the original data is discrete (each district is assigned a single AEZ), we predict the probability of each AEZ in each district for the baseline given current climate.
The baseline amount of cropland in each district n is equal to the amount of land in the district times the sum of the cropland fractions across all the AEZs weighted by their baseline probability in that district:
The baseline crop income in each district n is the amount of land in that district times the sum of the revenue per hectare of cropland in each AEZ times the cropland fraction in each AEZ weighted by the probability of each AEZ:
We then use a future climate scenario, C 1 , to determine how the probabilities of AEZs will change as climate changes. New probabilities for each AEZ in each district are calculated with the new climate. Using the fraction of cropland and the net revenue per hectare of each AEZ, we then calculate new amounts of cropland and net revenue for each district.
and R n (C 1 ) = L n *∑R j * F j * P nj (C 1 )
The difference between equations (6) and (4) reflects the change in cropland for each district and the difference between (7) and (5) reflects the change in crop revenue in each district. These results are then aggregated to different scales, namely country, region, and continent.
To test the above empirical framework, we make use of information on 16 AEZs identified and complied by the FAO for Africa (FAO 2003) . Two of these AEZs, high elevation semi-arid and mid-elevation semi-arid, occur in only two small locations in Africa and so were dropped from the analysis. Two additional AEZs were combined into a single category because they are similar and again there are not many observations: high sub-humid forest and mid-elevation sub-humid forest. The analysis consequently evaluates 13 distinct AEZs across Africa as listed in Table 1 . As can be seen in Table 1 , one third of Africa is desert. Lowland dry savannah and lowland humid forest make up another third of Africa. The remaining third is broken into the ten remaining AEZ types.
We obtain cropland estimates across Africa from Lotsch (2007) . These estimates are based on remote sensing-based land cover maps measured by the Moderate Imaging Spectroradiometer on the National Aeronautics and Space Administration (NASA) satellites. From this data, land was categorized into discrete uses (e.g. croplands, cropland mosaic, forest, shrublands etc.) at the scale of 1km 2 . There are 197 land cover categories for the African continent in this data set. The information on agricultural land use was then compiled by the International Food Policy Research Institute (Wood, Sebastian, and Scherr 2000) and checked against national statistics. Additional estimates of cropland in Africa by the Oak Ridge National Laboratory (Dobson et al. 2000) and by the University of Wisconsin (Ramankutty and Foley 1998) yield similar results.
Using GIS methods, we overlay the cropland and AEZ data sets and calculate the average fraction of cropland in each AEZ j.
where CR j is the amount of cropland in AEZ j and L j is the amount of land in AEZ j.
For each AEZ, we assume that the amount of cropland changes proportionally with the amount of land in that AEZ. That is, the fraction of cropland remains constant for each AEZ. Land simply moves from being in one AEZ to another as climate changes.
The frequency of cropland reflects the suitability of conditions for rainfed agriculture. Table 1 reveals that mid and high elevation humid and subhumid forests have the highest fraction of cropland followed by mid elevation moist savannah. The AEZs with the lowest fraction of cropland are the deserts and lowland semi-arid areas. Cropland in these areas is largely irrigated and depends on the availability of water.
We obtained economic data on crop net revenue from a sample of over 10,000 farmers collected in 11 countries (Burkina Faso, Cameroon, Egypt, Ethiopia, Ghana, Kenya, Niger, Senegal, South Africa, Zambia, and Zimbabwe) . For each farm, we were able to identify the AEZ for the district. We then calculated the average net revenue per hectare of cropland, R , , for each AEZ j (see Table 1 ).
where TR j is the total farm revenue generated in AEZ j.
An estimate of the expected crop revenue per hectare of land in each AEZ is calculated by multiplying the average net revenue per hectare by the fraction of cropland in that particular AEZ. As shown in Table 1 , the two AEZs that produce the most net revenue per hectare of land are high-elevation moist savannah and high-mid elevation sub-humid forest. The lowest valued AEZs are lowland semi-arid, lowland sub-humid forest, and high-elevation dry savannah. Note that the net revenue per hectare of cropland in the desert is very high because it is irrigated.
Data on climate was gathered from two sources. We relied on temperature data from polar orbiting satellites operated by the Department of Defense (Basist et al. 1998 ). The precipitation data comes from interpolations between weather stations made by the National Oceanic and Atmospheric Association's Climate Prediction Center-Africa Rainfall and Temperature Evaluation System (ARTES) (World Bank 2003).
We have combined monthly climate data into winter and summer seasonal averages . In the southern hemisphere, we define the average of November, December and January as summer and May, June and July is winter. The northern hemisphere seasons are the opposite. It is apparent that each AEZ has different climate characteristics. Soil data were obtained from the FAO (FAO 2003) ; providing information on the major and minor soils in each location as well as slope and texture. Predicted natural water flows in each district were predicted from a hydrological model for Africa (Strzepek and McCluskey 2006) . Data on elevation at the centroid of each district was obtained from the United States Geological Survey (2004) . The USGS data is derived from a global digital elevation model with a horizontal grid spacing of 30 arc seconds (approximately one kilometer).
Results
The estimated multinomial regressions are reported in Table 3 . The omitted AEZ is the desert. The coefficients for the climate, soils, and elevation variables are shown for a weighted and unweighted regression. The weighted regression weights districts by the square root of area. Precipitation and temperature clearly play a significant role in determining the probability of AEZs. In the unweighted regressions, there is a significant temperature effect in every AEZ except mid and high elevation humid forest and lowland dry savannah. In the weighted regressions, there is no temperature effect in these same three AEZs as well as in mid-elevation dry and moist savannah. In the unweighted regressions, there is a significant precipitation effect in every regression. In the weighted regressions, precipitation is significant in all but high elevation humid forest, mid elevation moist savannah, mid elevation sub-humid forest, and lowland dry savannah. Despite the fact that many AEZs are labeled by elevation, elevation is not always significant. Elevation is not significant in identifying many mid-elevation AEZs or in the lowland dry savannah and lowland semi-arid AEZs. The interaction terms between elevation and climate capture a subtle effect across some AEZs. Elevation and summer temperature often have a negative and significant interactive effect. Controlling for elevation and climate, places that are both higher and hotter during the summer are relatively more likely to be desert. Several lowland AEZs have a positive interaction effect between precipitation and elevation. Controlling for climate and elevation, places that are both higher and wetter are more likely to be lowland savannah or humid forest AEZs. Finally, although we examined the explanatory power of detailed soil data, no soil variables were jointly significant, and consequently soils were dropped from the model.
The estimated models in Table 3 correlate strongly with the present AEZ distribution. The overall fit of the unweighted model is high as measured by the pseudo-R squared 0.62 and the log likelihood function value of -1611. Similarly, the weighted model has a log likelihood value of -1138.3 with a pseudo-R squared of 0.70. These estimates suggest that both models do a good job of capturing the distribution of AEZs currently observed. Figure 1 compares the observed distribution of AEZs relative to the predicted distribution given current climate and the weighted model. Both maps are similar. However, observed high humid forests in Central Africa are predicted to be low to mid elevation humid forests and some observed lowland dry savannahs in southwest Africa are predicted to be moist savannahs. Except for these differences, the predicted AEZs look like the observed AEZs.
We now predict how future climate scenarios might affect the distribution of AEZs, the amount of cropland, and cropland net revenues in Africa. For exposition purposes we use two 2100 scenarios, although the analysis could just as easily have been replicated for any other time-frame. The actual predicted climate changes in each country vary. We used the predicted absolute change in temperature and percentage change in precipitation from the 2000-2010 decade to the 2090-2100 decade from each climate model. District changes in temperature are calculated by adding the predicted country temperature changes to current temperature. Precipitation changes are calculated by multiplying predicted changes in precipitation by current rainfall values.
Using the district level changes for each climate scenario, we then predict how AEZs will change in each district using the weighted regression in Table 3 . The total amount of land in Africa remains the same, but the amount of land in each AEZ shifts. As shown in Figure 2 , there are three large land changes in the PCM scenario: a reduction of 195 million hectares of lowland humid forest, a reduction of 94 million ha of desert, and an increase of 217 million hectares of lowland sub-humid forest. There are much larger land shifts across AEZs in the CCC scenario. The model predicts a loss of 451 million ha of lowland humid forest, a loss of 335 million ha of desert, a gain of 390 million ha of lowland sub-humid forest, and a gain of 356 million ha of medium elevation sub-humid forest.
We map the AEZ changes across the landscape in Figure 3 . By comparing the original predicted values in Figure 1b with the distribution of AEZs in Figure 3a , and Figure 3b , one can see how AEZs have changed in the PCM and CCC scenarios. There are large changes in AEZs between the baseline and the PCM maps in North, South, and East Africa. In particular, high elevation humid forests increase in Eastern Africa and midelevation moist savannahs increase in southern Africa. In the CCC scenario, one can see changes in East, Central, West and South Africa. The most notable change in the CCC scenario is the increase in all elevations of sub-humid forests and the reduction of lowland humid forests and deserts. The fact that the model predicts deserts in the southern Sahara shrink may seem counterintuitive but the African deserts are not too hot, they are simply too dry. According to the GCM predictions, there is enough increase in rainfall in these desert regions to change their status. Whether this translates into a change in crop production is a more complicated issue since desert crops depend on surface flows. Although future studies could analyze how surface flows change with warming, this analysis does not predict potential changes in surface flows.
The changes in the area of each AEZ have implications for the amount of cropland as shown in Table 5 . The percent of cropland in each AEZ is assumed to remain constant so that as the size of an AEZ changes, cropland changes. Although the sizes of the AEZs change considerably, the effect on cropland is offsetting, so that the net changes in cropland for Africa are small in both scenarios. In the PCM scenario, the large decrease of 47 million ha of cropland in lowland humid forest is partially offset by the increases in cropland in high elevation humid forest and all elevation sub-humid forest, lowland moist savannah, and mid elevation dry savannah. The net effect in the PCM scenario is a loss of 27 million hectares (5%) of cropland. With the CCC scenario, the cropland in lowland humid forest is almost completely lost but it is offset by increases in cropland in lowland dry savannah and sub-humid forests at all elevations. The net impact is a gain of 20 million hectares or 4%.
With the PCM scenario, in addition to the 5% loss of cropland, there is a slight shift to lower valued cropland as shown in Table 6 . With the PCM scenario, there is a $36 billion loss of annual crop revenue from lowland humid forests and another $10 billion loss from deserts. This is partially offset by small gains in several other AEZs. The net effect of the PCM scenario is a $39 billion loss per year, which amounts to 14% of net crop revenue. Although the CCC scenario predicts a slight gain in cropland area, it predicts a large loss in crop revenues as land shifts into lower valued AEZs. The CCC scenario leads to gains in net revenue from lowland dry savannahs and especially mid to high elevation subhumid forests but these gains are overwhelmed by losses in deserts and especially lowland humid forests. The net impact is a crop revenue loss of $84 billion per year or 30%.
The aggregate effects are broken down by region in Table 7 . Each of the regions is affected differently by each climate scenario. The largest losses are suffered by Central Africa (28% and 80% losses under the PCM and CCC scenario, respectively), which accounts for half of the net damages in each scenario. East Africa (11-12% losses) and North Africa (4-7% losses) are affected the least. Losses in Southern Africa increase from 12% under the PCM scenario to 17% under the CCC scenario.
The change in net revenues across the landscape can be seen in Figures 4a and 4b . Figure  4a captures the changes in net crop revenue in each district with the PCM scenario. There are damages in Western, Central and Southern Africa whereas there are benefits along a narrow band from East to West Africa where rainfall is expected to increase. Figure 4b depicts the CCC scenario. Although there are some small patches of gains in North and South Africa, most of the continent is harmed by this scenario. The net revenues losses across large swaths of land in West and Central Africa are greater than 90 percent.
Discussion
This paper develops an alternative method to evaluate climate change impacts. A model is estimated that captures how temperature, precipitation, and elevation cause land to be in one AEZ or another. Climate change is assumed to cause land to shift across AEZs according to this econometric model. For example, warming will cause land to shift from temperate towards tropical AEZs. The suitability of land for cropland and the net revenue per hectare of cropland is measured using the AEZ classifications of land. If warming causes districts to shift from high to low productive uses, it will cause damages. Similarly, if warming causes districts to shift from low to high productive AEZs, it will cause benefits.
The cooler temperatures of mid to high elevations are conducive to higher fractions of cropland in Africa. The dry desert and lowland semi-arid AEZs have the least amount of cropland. The most valuable cropland (highest crop net revenue per hectare of cropland) in Africa is in the Egyptian desert. All of this land is along the Nile, has ample water, and is irrigated. However, most of the rest of Africa depends on rainfed agriculture. In SubSaharan Africa, the most valuable cropland is in humid forests where there is plenty of rainfall. Combining the fraction of land in cropland and the net revenue per ha of cropland, reveals that the most valuable AEZs (highest net revenue per ha of land) are high elevation moist savannah and mid and high elevation subhumid forests. These AEZs are both relatively cool and wet. The lowest valued AEZs are the high elevation dry savannah, lowland semi-arid, and lowland subhumid forests which are AEZs that depend on rainfed farming but are too hot or too dry for cropland.
The econometric analysis linking AEZs to climate and elevation is convincing. Current seasonal temperatures and rainfall play important roles in determining the AEZ classification of a district. The multinomial regression is significant and effective at linking climate and the distribution of AEZs across Africa.
The climate scenario analysis suggests that the impact of climate change on Africa varies a great deal across scenarios and across the landscape. The results suggest that warming will be harmful to African agriculture not because it will reduce cropland but rather because it will reduce the value of cropland. That is, land will shift from high value to low value AEZs. The mild PCM scenario predicts a 5% reduction in cropland but a 14% reduction in crop net revenue. The CCC scenario predicts a 4% increase in cropland but a 30% reduction in crop net revenue. The impacts are not uniform across the landscape. According to the model, Central Africa will have the largest reduction in crop net revenue in all scenarios. Pockets of land in North and South Africa, by contrast, are predicted to benefit.
The extrapolation to future climate scenarios must, however, be viewed with caution. There may be key missing variables in the econometric analysis, many variables are measured with error, and economic conditions will change over time. The link between climate change and surface water flows has not been made in this analysis. Nonetheless, it is interesting to see that this AEZ analysis yields similar predictions to other methods of measuring climate impacts on agriculture.
The paper demonstrates that the AEZ concept first introduced by the FAO can successfully break down a complex landscape into a set of homogenous zones. Within each zone, farmers face similar conditions and earn similar net revenues. We estimate the productivity of a landscape simply by measuring how the size of each of these zones might change with climate change. The approach in this paper measures the long run change in productivity across the landscape. The econometric model predicting the current distribution of zones provides validity to the approach as it explains between 60 to 70 percent of the variation one observes across the landscape. Further, the method produces estimates of how crop net revenue will change over time that are consistent with other research methods (Kurukulasuriya et al. 2006; . The changing AEZ model provides a new tool for understanding how climate change will impact agriculture in the future. Central African Rep. 
